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Abstract: This study employs correlation coefficients and the factor-
augmented vector autoregressive (FAVAR) model to investigate the 
relationship between the stock market and investors’ sentiment measured 
by big data. The investors’ sentiment index is constructed from a pool of 
relative keyword series provided by the Baidu Index. We target two 
composite stock indices, namely the Hang Seng Index and the Shanghai 
Composite Index. We first compute the Pearson product-moment 
correlation coefficient to find the degree of correlation between keywords 
and composite stock price indices. Then, we apply the FAVAR model to 
obtain the impulse response of stock price to the investors’ sentiment 
index. Finally, we examine the leading effects of keywords on stock prices 
using lagged correlation coefficients. We obtain two main findings. First, 
a strong correlation exists between investors’ sentiment and composite 
stock price: Second, before and after the launch of the Shanghai-Hong 
Kong Stock Connect, the keywords affecting the fluctuation of the Hang 
Seng Index are different.   
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1 Introduction 
With the advancement of technology, the Internet has become a very 
important source of information for investors. Over the past decade, 
investors have increasingly relied on online media for information. They 
conveniently make trading decisions by analyzing data obtained from the 
Internet (Brynjolfsson et al., 2013). Researchers have explored the impact of 
media on the real economy and other aspects. Luong et al. (2019) assess the 
impact of media on trade. Liu et al. (2017) discuss the impact of the Bo Xilai 
political scandal on policy uncertainty. In addition to receiving information 
provided by the media, investors also seek out information for themselves. 
Internet search engines, such as Baidu, Weibo, and Google, have already 
developed specific statistical methods to report search frequency on a daily 
or weekly basis. For instance, Google Trends provides search index services 
around the world. However, the most popular search engine in China is Baidu, 
which amassed approximately 0.87 billion users in 2017, reported by Soho 
Finance. According to Alexa, a web analytics firm, Baidu is the largest search 
engine used by Chinese people and the fourth largest website in the world. 
Another crucial search index is from Weibo, the application software of 
Alibaba Group, the largest communication and entertainment platform in 
China. This website provides useful instruments for conducting economic 
research. In recent years, many researchers have focused on the importance 
of the Internet search index to the market. Da et al. (2011) discuss the effects 
of search volume on the stock market. They develop a new method to 
measure investor attention using search data in Google, which can be used 
to estimate the performance of IPO stocks. Preis et al. (2013) analyze how 
trading behavior can be captured using Google Trends. Wu and Brynjolfsson 
(2015) examine how Google Trends can be used to forecast housing prices 
and sales. They find that predictions are accurate when search frequency is 
included in their model. They employ search frequency to successfully 
explain three features of IPO stocks. Vosen and Schmidt (2011) contrast 
survey-based indicators and Google Trends in terms of private consumption 
prediction. Choi and Varian (2012) supply instructions for predicting 
different industrial sales by employing Google Trends. Xu (2014) forecasts 
stock price using Google Trends and Yahoo Finance. Challet and Ayed (2014) 
discuss whether Google Trends is superior to past price returns regarding the 
predictability of future price returns. Liu et al. (2011) adopt the lead-lag 
relationship approach to synthesize search indices and conduct the Granger 
causality test. Their results indicate that the data of search indices have 
remarkable predictive effectiveness for the annualized yield of the Shanghai 
Composite Index. For the analysis in the second step, they only use keywords 
which have leading correlation with stock prices. In this study, we filter 
keywords using normal and lead-lag relationship methods. Differentiating 
between the early and the late actions of two time series in the first two parts 
of discussion concerning the effects on the two stock price indices is 
unnecessary, as the factor-augmented VAR (FAVAR) model adopted assumes 
the variables to be endogenous. This study divides the keyword series into 
two groups according to the strength of correlation between the keywords 
and composite stock price. If the Pearson coefficient between the keyword 
series and composite stock price exceeds 0.4, we consider the keywords to 
have a strong correlation with composite stock price; otherwise the keywords 
is considered to show a weak correlation. Furthermore, this study performs 
principle component analysis (PCA) instead of opting for a correlation 
synthesis method to extract factors from the keyword series to show 
investors’ sentiment. We download data from the Shanghai Composite Index 
and Hang Seng Index through Yahoo Finance.  
2 Data 
Most literature constructs search indices by employing big data from 
Google Trends. Considering that Google terminated its search engine 
services in China in 2014, Google Trends may not be the best tool for 
obtaining the most comprehensive information about Chinese investors’ 
search attention. This study relies on search frequency data from Baidu Index, 
as most Chinese investors are likely to search related keywords on Baidu. 
Identifying basic keywords relevant to the stock market is the first task in 
data collection. Liu et al. (2011) classify the keywords into three types: (1) 
investors’ action index, which represents the keywords people search for if 
they intend to open a stock market account; (2) investors’ market quotation 
index, the keywords investors pay attention to if they have already opened a 
stock market account and intend to trade in financial markets; and (3) the 
economic situation index, the keywords signifying the economic 
performance or the government policy and international situation that 
investors prioritize. Following the study by Liu et al. (2011), our research 
also classifies keywords into different types to facilitate analysis, namely, 
investors’ sentiment in the preliminary stage, which encompasses the 
keywords investors search for if they are about to enter the stock market; 
investors’ sentiment on trading strategy, which indicates the actions investors 
take if they prepare to buy and sell stocks in the financial markets; investors’ 
attention to the economy and policy, which denotes the economic situation 
and the government decisions that investors focus on; and investors’ 
sentiment on other factors, such as company actions and strategies. After 
classifying the keywords, we select certain related keywords from financial 
news, reports, and applications on the basis of these four types as basic 
keywords. In general, these basic keywords often appear in financial media. 
Submitting basic keywords to the Baidu Index can generate several related 
words from one basic keyword, thus providing other keywords people also 
search for after they browse the keywords we inputted. Making use of the 
recommendation system of the website, we can accumulate a collection of 
related keywords from a relatively small set of basic keywords. After 
applying this method and inputting the keywords successively, we have 
collected 331 keywords relevant to financial markets, including the name of 
the market index and the viewpoint of market participants. Figure 1 shows 
the search frequency of the term “stock market trend” (Chinese version). The 
resulting curve appears to resemble the trend observed in the Shanghai 
Composite Index. We collect the daily time series of the 331 keywords 
starting as early as 2011 from Baidu and retrieve data of the Shanghai 
Composite Index as well as the Hang Seng Index from Yahoo Finance. Table 
1 presents part of the extracted keywords from the Baidu Index. The 
keywords gathered are in Chinese. For the purpose of clarity, we have 
translated them into English. 
 Figure 1: Single keyword index and the Shanghai Composite Index 
  
 Table 1: Part of the selected keywords (with English translation) 
  
3 Methodology 
The FAVAR model, proposed by Bernanke et al. (2005), is employed in 
this study. This model allows the extraction of relatively unobservable 
variables from a large pool of keyword data series and is proposed to include 
unobserved factors in autoregressive analysis. Compared with conventional 
vector autoregressive (VAR) models, the FAVAR model has richer 
information and can better explain certain macroeconomic phenomena. The 
FAVAR model is set out as follows: 
�𝑦𝑦𝑡𝑡𝐹𝐹𝑡𝑡� = 𝛷𝛷(𝐿𝐿) �𝑦𝑦𝑡𝑡−1𝐹𝐹𝑡𝑡−1� + 𝑣𝑣𝑡𝑡 , ………………………….(1) 𝑋𝑋𝑡𝑡 = 𝛬𝛬𝑓𝑓𝐹𝐹𝑡𝑡 + 𝛬𝛬𝑦𝑦𝑦𝑦𝑡𝑡 + 𝑒𝑒𝑡𝑡 , .………………………….(2) 
where 𝑦𝑦𝑡𝑡 are variables that can be directly observed. 𝐹𝐹𝑡𝑡 are unobserved 
variables that must be extracted from the related series. Here, 𝐹𝐹𝑡𝑡 include 
variables about investors’ sentiment in the preliminary stage and the trading 
stage, together with their sentiment on the economy and policy and on other 
factors, such as the financial situation. 𝑋𝑋𝑡𝑡 is a vector comprising a pool of 
keywords and real economic data sets, which can be obtained from the Baidu 
Index and CEIC Data. Matrices 𝛬𝛬𝑓𝑓 and  𝛬𝛬𝑦𝑦  are factor loadings of 
dimensions conformable to 𝑋𝑋𝑡𝑡 , 𝑦𝑦𝑡𝑡, and 𝐹𝐹𝑡𝑡 , whereas 𝑒𝑒𝑡𝑡 are error terms 
assumed to have zero means. 
Several studies have discussed macroeconomic problems by adopting 
the FAVAR model. Some researchers examine the impact of monetary policy 
on the economy using macroeconomic variables with FAVAR models (He et 
al., 2013; Fernald et al., 2014). We utilize a FAVAR model to investigate the 
effects of the search index. 
Principal Component Analysis (PCA) 
PCA is a transformation method for converting a set of related data into 
a series of linearly uncorrelated factors. PCA is generally used in prediction 
and exploratory data analysis models. Our work deals with a huge number 
of interrelated keywords, and incorporating all keyword series in our models 
is impractical. PCA can be employed to extract the main features of all 
keyword series, which include the definitions of keywords, to construct the 
model. This study selects the number of factors on the basis of the results of 
variance explained, as illustrated in Figures 2, 3, and 5. 
Lead-Lag relationship method 
Liu et al. (2011) discuss the lead-lag relationship method in their study. 
They obtain factors by synthesizing keywords instead of using PCA. They 
first calculate the lagged correlation coefficient as the weight to synthesize 
the composite factor employed in their model:  
 
𝛾𝛾𝑙𝑙𝑖𝑖 = 𝛴𝛴𝑡𝑡=1𝑛𝑛 �𝑥𝑥𝑡𝑡−𝑙𝑙𝑖𝑖 −?̅?𝑥𝑖𝑖�(𝑦𝑦𝑡𝑡−𝑦𝑦�)�∑ �𝑥𝑥𝑡𝑡−𝑙𝑙𝑖𝑖 −𝑥𝑥𝑖𝑖����2(𝑦𝑦𝑡𝑡−𝑦𝑦�)2𝑛𝑛𝑡𝑡=1 , ……………(3) 𝑙𝑙 = 0, ±1, ±2 … ± 10, 
where 𝑦𝑦𝑡𝑡 is the selected composite stock price . 𝛾𝛾𝑙𝑙𝑖𝑖 represents the lagged 
correlation coefficient of keyword 𝑖𝑖 at a specific lag 𝑙𝑙. 𝑙𝑙∗ is defined as the 
value of 𝑙𝑙 of the keyword when the absolute value of 𝛾𝛾𝑙𝑙𝑖𝑖 is the largest, 
which means keyword 𝑖𝑖 has the strongest correlation with 𝑦𝑦𝑡𝑡 when its lag 
equals 𝑙𝑙 . Then, they divide the keywords into three groups based on the 
feature of 𝑙𝑙∗. If 𝑙𝑙∗ is positive, the keyword has a leading relationship with 
the composite stock price. If 𝑙𝑙∗ is negative, the keyword and the composite 
stock price have a lagging relationship. If 𝑙𝑙∗ equals zero, the keyword does 
not have a clear leading/lagging relationship with the composite stock price. 
Liu et al. (2011) select the keywords that have leading correlation with the 
composite stock price to synthesize the composite factor for their research. 
Considering that the FAVAR model allows for autocorrelation, our study 
utilizes all strongly correlated keywords instead of those pertaining to the 
first two parts for discussing the Shanghai Composite Index and the Hang 
Seng Index. In the last part of the study, where we forecast the stock price of 
a specific company, we select the leading correlated keywords in order to 
achieve better prediction performance, as seen in Liu et al. (2011).  
We assume that composite stock price is driven by investors’ sentiment 
and financial/economic variables, such as exchange rates, short-term interest 
rates, and gold price. Investors’ sentiments as latent factors must be distilled 
from the large pool of keyword series of the Baidu Index. This study also 
extracts common factors from a collection of real financial variables instead 
of feeding original data into the model. We have gathered 331 keywords as 
aforementioned. We do not analyze the effects of individual keywords on the 
stock market. Instead, we use a synthetic index representing investors’ 
attention and sentiment, which can be obtained from the aggregate keyword 
time series. Here, we assume that the sentiment factor is a latent variable, 
which cannot be directly observed but can be inferred from a conglomeration 
of keywords. This study performs PCA to extract factors from keyword 
series. Liu et al. (2011) examine the lagging relationship between stock 
returns and the rate of change of keywords. They subsequently use keywords 
with a leading effect on stock return to create the index they need. In the 
section analyzing the keywords’ effects on stock indices, we calculate the 
correlation (without lags) between the composite stock price index and the 
single keyword index, assuming that all variables are endogenous. 
Subsequently, we divide the keyword series into two parts: keywords having 
a strong correlation with composite stock price and those that are weakly 
correlated to composite stock price. If the Pearson coefficient between the 
keyword series and composite stock price is larger than 0.4, the keywords 
are considered to have a strong correlation with composite stock price; 
otherwise, the keywords have a weak correlation. We discard the keywords 
with Pearson correlation coefficients of less than 0.4, thus retaining  
keyword series with high correlation with stock price. Unlike the research 
by Liu et al. (2011), which uses the synthesis method, our study employs 
PCA to extract factors. We compile four indices based on the definitions of 
the remaining keywords before performing PCA to improve the extraction 
and explanation of factors: (1) investors’ sentiment in the preliminary stage, 
including how to open a securities account and how to speculate in shares; 
(2) investors’ sentiment in the trading stage, including market quotations, 
dividends, and  the amount of increase; (3) investors’ attention to policy 
and the economy, including financial news and international situation; and 
(4) investors’ attention to other factors, including keywords about companies’ 
actions and performance in financial markets. These four indices are not 
independent from each other, as investors may search for all of them to 
formulate an improved trading strategy. 
  
  
Table 2: Keywords for investors’ sentiment index in the trading stage 
 
 
Table 3: Keywords for investors’ sentiment index in the preliminary 
stage 
 
 Table 4: Keywords for investors' sentiment index on the economy and 
policy 
 
 
Table 5: Keywords for investors’ sentiment index on other factors 
  
 Table 6: Keywords that have a strong correlation with the Shanghai Composite Index  
 Table 7: Four types of keywords that have a strong correlation with the composite index 
The results of explained variance from the PCA are reported in Figure 
2. We extract five factors in total from the four keyword series based on the 
results in Figure 2, explaining 60%–80% of the information. We also extract 
two factors from real economic and financial series as control variables by 
employing PCA. In addition, we calculate the Pearson correlation coefficient 
between factors and stock price, and the results indicate a high correlation 
ranging from 0.6 to 0.8. 
  
  
Figure 2: Explained variance of PCA 
 Before estimating using the FAVAR model, we transform our data as 
follows: 
𝑦𝑦𝑡𝑡 = 100 × ln � 𝑃𝑃𝑡𝑡𝑃𝑃𝑡𝑡−1�,……….…...………….(4) 𝑓𝑓𝑡𝑡 = 𝐼𝐼𝑡𝑡 − 𝐼𝐼𝑡𝑡−1, ……………………………(5) 
where 𝑃𝑃𝑡𝑡 is the log-differenced composite price, and 𝐼𝐼𝑡𝑡 is the index we 
extracted from the keyword series through PCA. We transform factors by 
first-order differencing instead of log-differencing because of the negative 
value in 𝐼𝐼𝑡𝑡 after conducting PCA. The FAVAR model is as follows: 
�𝑌𝑌𝑡𝑡𝐹𝐹𝑡𝑡� = 𝛷𝛷(𝐿𝐿) �𝑌𝑌𝑡𝑡−1𝐹𝐹𝑡𝑡−1� + 𝑣𝑣𝑡𝑡, …………………….(6) 𝑋𝑋𝑡𝑡 = 𝛬𝛬𝑓𝑓𝐹𝐹𝑡𝑡 + 𝛬𝛬𝑦𝑦𝑌𝑌𝑡𝑡 + 𝑒𝑒𝑡𝑡, .…………………….(7) 
where 𝑌𝑌𝑡𝑡 contains the rate of change of the Shanghai Composite Index. 𝐹𝐹𝑡𝑡 
includes the change of investors’ sentiment factors and other control factors 
after first-order differencing. The assumption is that composite stock price 
and search frequency are endogenous because they can influence each other 
under a shock to any one of them. 𝑋𝑋𝑡𝑡 is a vector comprising a collection of 
keywords and real economic data sets, which can be obtained from the Baidu 
Index and CEIC Data. Matrices 𝛬𝛬𝑓𝑓 and 𝛬𝛬𝑦𝑦  are the factor loadings of 
dimensions conformable to 𝑋𝑋𝑡𝑡 , 𝑌𝑌𝑡𝑡 ,  and 𝐹𝐹𝑡𝑡 , whereas 𝑒𝑒𝑡𝑡 are error terms 
assumed to have zero means. 
4 Results 
Tables 10–12 present parts of the results of the FAVAR model. Table 10 
shows the estimation performance when investors’ sentiment in the 
preliminary stage is the dependent variable. Here, X1 denotes the factor of 
investors’ sentiment in the preliminary stage. Return represents the rate of 
change of the Shanghai Composite Index. The return of stock price has a 
noteworthy effect on investors’ decisions of whether to open a stock market 
account. The estimated coefficient of return is positive. When the stock 
market is booming, many investors become interested in opening accounts 
in the stock market. Consequently, investors’ search frequency for keywords 
related to opening stock accounts increases. Table 11 presents the regression 
results where investors’ sentiment in the trading stage is the dependent 
variable and can be influenced by stock price, the economic situation, and 
companies’ actions and performance. Table 11 shows the significant effects 
of return, X4, X5, and X7 on X2, where X2 represents investors’ sentiment 
in the trading stage. X3 and X4 signify investors’ attention on the economy 
and government policy, respectively. X5 represents investors’ attention to 
other factors, including company actions and performance. X6 and X7 are 
the factors extracted from control variables describing the financial and 
economic situations. We cannot simply interpret that a positive shock to 
investors’ sentiment in the trading stage can cause a positive change in return. 
Negative/positive news not only increases search frequency but also exerts 
different impacts on stock return. We do not separate the keywords according 
to negative or positive effects. Whether the correlation between search 
frequency and stock return is positive or negative depends on the period and 
the keywords selected, thus warranting further discussion in the future. Table 
12 presents the results where return becomes the dependent variable. The 
effects of the variables on stock price returns are less significant than the 
other two regressions. One explanation is that, given the daily data, a shock 
to investors’ search frequency in one day is inconsequential in influencing 
composite stock price in the broader financial market. For example, the 
increase in X1 indicates that many investors plan to enter the financial 
market, but the actual increase in stock market accounts is probably more 
trifling than that of X1. The value added to the stock market by this factor is 
also small. Moreover, we find that investors’ sentiment in the trading stage 
has a significant impact on the return of the stock market. This finding is in 
line with our expectations. In addition, the performance of X4 reveals that 
investors pay much attention to the economic situation and policy on 
implementing trading strategies in the stock market. 
 
Table 8: Selection method 
 
Table 9: Information criteria 
 Table 10: Regression: X1 → return 
 Table 11: Regression: X2 → return 
The impulse response results in Figure 3 reveal the relationship between 
stock returns and sentiment indices of sampled investors. Index1 and Index2 
in Figure 3 represent investors’ sentiment in the preliminary and the trading 
stages, respectively. Index3-1 and Index3-2 show the two factors extracted 
from investors’ attention to the economy and policy. Finally, Index4 
represents the factor extracted from investors’ attention to other factors. 
Given a shock to a search index, the stock returns suddenly fluctuate in the 
following few days, and vice versa. As previously discussed, we cannot 
simply interpret that a positive shock to investors’ sentiment can cause a 
positive/negative change in stock return. Both negative news and economic 
improvements can increase search frequency but have different impacts on 
stock returns. 
 
Table 12: Regression: Return → X1 + X2 +… 
  
 
 Figure 3: Impulse response of returns on the Shanghai Composite 
Index and factors 
5 The relationship between the Hang Seng Index and Search Indices 
Apart from the Shanghai Composite Index, this study also explores the 
effects of the same keyword series on the Hong Kong financial market. The 
Hang Seng Index represents the Hong Kong stock market in this research. 
As opposed to the discussion on the Shanghai Composite Index and search 
keywords, we divide the sample period into two. In April 2014, the Chinese 
government first announced the launch of the Shanghai-Hong Kong Stock 
Connect to promote trading between Shanghai and Hong Kong financial 
markets. We select the date of announcement, 9 April 2014, as the critical 
day separating the two periods. The first period is from 2011 to 9 April 2014, 
and the second period is from 10 April 2014 to 2018. This study finds that 
the keyword series having a strong relationship with the Hang Seng Index 
can differ across the two periods. The main difference is evidently correlated 
with the Shanghai-Hong Kong Stock Connect. Additional keywords 
associated with the Shanghai-Hong Kong Stock Connect affect the changes 
in the Hang Seng Index after the announcement of the inception of the 
Shanghai-Hong Kong Stock Connect. Furthermore, we can observe the 
regularity of this phenomenon and propose an explanation for it. Tables 13–
15 show the Pearson correlation coefficients between keywords and the 
Hang Seng Index in different periods. Three findings are obtained. First, the 
number of keywords having a strong correlation with the Hang Seng Index 
is smaller than that with the Shanghai Composite Index because our keyword 
series is manually selected, implying that there are some subjective elements 
in data selection. The keywords are recommended by the Baidu Index, the 
most popular search engine among Chinese users. Most keywords are 
selected on the basis of their association with Chinese companies. Although 
many Chinese companies participate in the Hong Kong financial market, 
Chinese investors tend not to trade the stocks of certain foreign companies 
due to relative unfamiliarity; such foreign companies may not have a 
discernible relationship with the selected keywords. Second, we observe 
different keyword types influencing the Hang Seng Index during different 
periods. Tables 13–15 distinguish between different types of keywords in the 
two periods according to correlation coefficients. Investors’ sentiment on 
trading and the economy are the general factors influencing the Hang Seng 
Index. Tables 13–15 indicate that keywords related to the Shanghai-Hong 
Kong Stock Connect are strongly correlated with the Hang Seng Index in the 
second period. Third, if we compare the related keyword coefficients for the 
Shanghai Composite Index and the Hang Seng Index, investors’ investment 
in the A-share market is more tightly linked to the developments of 
Southbound trading (Hong Kong Stock Connect), whereas investment in the 
Hong Kong financial market is more closely associated with those of 
Northbound trading (Shanghai Stock Connect). The Southbound and 
Northbound trading discussed here are parts of the mechanism of the 
Shanghai-Hong Kong Stock Connect scheme. 
Table 13: Estimation of the relationship between the Hang Seng Index and the search indices using the 
Pearson correlation method 
 Table 14: Estimation of the relationship between the Hang Seng Index and the search indices using the 
Pearson correlation method 
 Table 15: Estimation of the relationship between the Hang Seng Index and the search indices using the Pearson 
correlation method 
  
 
 Figure 4: Explained variance by PCA 
 
  
  
Figure 5: Impulse response results of returns on the Hang Seng Index 
and factors 
Following the existing literature, this research also analyzes the impulse 
response of the Hang Seng Index to various factors. A noticeable relationship 
between investors’ sentiment and the Hong Kong financial market is 
observed; however, as above-mentioned, we cannot simply interpret that a 
positive shock to investors’ sentiment can cause a positive or negative 
change in returns. 
6 Further Discussion: Prediction of a Single Stock 
The impact of the search indices on the stock market has been 
confirmed in previous sections. Drawing on the results obtained, this study 
constructs a predictive model on the firm level by incorporating the search 
indices. We select the stock of Tencent (0700.HK), a popular stock that 
attracts the attention of many investors, as the object of our research. In 
recent years, Tencent has seen a substantial increase in stock price due to the 
growth and development of the company. This study intends to predict 
Tencent’s stock performance by developing a predictive model and using 
rolling forecasting methods. Several regression models are available for 
selection. Li and Yang (2013) predict investment risk and return by using a 
linear regression model. Here, we use FAVAR models to forecast stock price. 
We collect relative keyword series from Google Trends instead of the Baidu 
Index because the stock in question (0700.HK) is listed in Hong Kong and 
has an international mix of investors. Google Trends may be more 
representative and could include further information for explaining investors’ 
sentiment. We select 52 keywords in total, as presented in Table 16. We also 
choose price-to-earnings (PE) ratios, the Hang Seng Index, earnings per 
share (EPS), revenue, net income and other related variables as control 
variables. We extract factors from these control variables representing the 
company’s achievements and operations by using the same method depicted 
earlier in the study. Our data set contains weekly data starting from June 2013. 
We also obtain factors related to Tencent by employing correlation 
coefficients and PCA. To improve the prediction, we adopt two correlation 
methods to calculate correlation coefficients, namely, the Pearson correlation 
and the lead-lag correlation methods. After computing the correlation, we 
apply PCA to extract the factors. The critical value of correlation is 0.4. Table 
17 shows the results of lead-lag correlation methods; 43 keywords are 
observed to be strongly leading-correlated with 0700.HK. PCA assesses the 
explanatory performance of factors, with results presented in Figures 6. The 
prediction results of different methods are displayed in Figures 7 and 8. We 
compare the performance of prediction from these two methods by using the 
mean absolute error (MAE) and mean absolute percentage error (MAPE). 
The results are presented in Table 18. Lead-lag correlation methods may 
perform slightly better than the Pearson correlation method, given that both 
error statistics of the former are smaller than the corresponding values of the 
Pearson correlation method. 
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 Table 17: Strongly correlated and leading keywords obtained by lead-lag correlation methods 
 
  
 
Figure 6: Explained variance of PCA using lead-lag correlation methods 
 
Table 18: Prediction performance of two correlation methods 
 Figure 7: Stock price forecast using the lead-lag correlation method 
 
Figure 8: Stock price forecast using the Pearson correlation method 
 
7 Conclusion 
This paper analyzes the effects of search indices on the Chinese stock 
market. We initially utilize the Pearson correlation coefficient to find the 
correlation between search indices and the A-share market. The results reveal 
a strong correlation between the Shanghai Composite Index and the keyword 
series. We classify the keywords into four types where each type represents 
a different aspect of investors’ sentiment. Different factors are extracted from 
these keyword series and represent different types of investors’ sentiment. 
The regression results of the FAVAR model indicate that investors’ sentiment 
and the Shanghai Composite Index have significant effects on each other. 
Changes in investors’ sentiment cause fluctuations of stock price; a shock to 
composite stock returns as well causes a notable fluctuation in investors’ 
sentiment. The result that investors’ sentiment in the trading stage has 
significant effects on the return of stock price suggests that the information 
investors obtain from the Internet may influence their trading strategies. In 
addition, the economy and government policy are the general factors that 
grasp investors’ attention and influence their investment decisions. We can 
observe from the results that investors’ attention to the economy and policy 
significantly affects the return of the Shanghai Composite Index. Changes in 
stock returns also have significant influence on the four aforementioned 
types of investors’ sentiment. 
The impulse responses demonstrate that stock returns can exhibit 
fluctuations as a result of shocks to factors, and vice versa. Generally, such 
fluctuations continue for a few days and then cease. As we do not categorize 
the keywords as positive or negative ones, we cannot simply interpret that a 
positive shock to investors’ sentiment can cause a positive or negative 
change in stock return. Both negative news and economic improvements can 
increase search frequency but have different impacts on stock returns. The 
effects of variables on stock price returns appear to be less prominent than 
those signified by other regressions. One explanation is that, with daily data, 
a shock to investors’ search frequency in one day does not play a material 
role in affecting the composite stock price of the financial market because of 
the large size of the market. 
In the second part, the keywords which have a strong relationship with 
the Hang Seng Index within the two distinct periods can be dissimilar. The 
main difference is evidently due to the Shanghai-Hong Kong Stock Connect. 
Tables 13–15 present the Pearson correlation coefficients for the relationship 
between the Hang Seng Index and the keywords in different periods, from 
which we obtain three findings. First, the number of keywords that are 
strongly correlated with the Hang Seng Index is smaller than that with the 
Shanghai Composite Index because our keyword series are chosen manually, 
thereby introducing subjectivity into data selection. Most keywords are 
recommended by the Baidu Index, which means that they are selected on the 
basis of their significance to Chinese investors. While many Chinese 
companies participate in the Hong Kong financial market, certain foreign 
companies’ stocks also appear, but these may not be closely related to our 
selected keywords. Second, we observe different keyword types influencing 
the Hang Seng Index during different periods, as shown in Tables 13–15. 
Investors’ sentiment on trading and the economy are the general influential 
factors affecting the Hang Seng Index. Tables 13–15 confirm that keywords 
relevant to the Shanghai-Hong Kong Stock Connect are obviously correlated 
with the Hang Seng Index in the second period. 
We can thus conclude that investors pay much attention to the impact 
of the Shanghai-Hong Kong Stock Connect on the Hong Kong financial 
market. Third, if we compare the coefficients of related keywords for the 
Shanghai Composite Index and the Hang Seng Index, we can infer that 
investors’ in the A-share market focus on the action concerning the 
Southbound trading, whereas those in the Hong Kong financial market pay 
attention to that of the Northbound trading. This interesting phenomenon can 
be reserved for future discussion. 
To illustrate the predictive power of investors’ sentiment, this paper 
constructs a FAVAR model which incorporates investors’ sentiment factors 
to predict the stock prices of Tencent. For comparison, we employ lead-lag 
and Pearson correlation coefficients to construct the model. The results of 
the two approaches, as displayed in Figures 7 and 8, are not significantly 
different. 
  
 
References 
[1]. Bernanke B S, Boivin J, Eliasz P. (2005). Measuring the effects of 
monetary policy: A factor-augmented vector autoregressive (FAVAR) 
approach. The Quarterly Journal of Economics, 120(1): 387-422. 
[2]. Brynjolfsson E, Hu Y J, Rahman M S. (2013). Competing in the age of 
omnichannel retailing. MIT Sloan Management Review, 54(4): 23-29. 
[3]. Challet D, Ayed A B H. (2014). Do Google Trend data contain more 
predictability than price returns?. arXiv preprint arXiv:1403.1715. 
[4]. Choi H, Varian H. (2012). Predicting the present with Google Trends. 
Economic Record, 88(s1): 2-9. 
[5]. Da, Z, Engelberg J, Gao P. (2011). In search of attention. The Journal of 
Finance, 66(5): 1461-1499. 
[6]. Fernald J G, Spiegel M M, Swanson E T. (2014). Monetary policy 
effectiveness in China: Evidence from a FAVAR model. Journal of 
International Money and Finance, 49: 83-103. 
[7]. He Q, Leung P H, Chong T T L. (2013). Factor-augmented VAR analysis 
of the monetary policy in China. China Economic Review, 25: 88-104. 
[8]. Li H, Yang S. (2013). Application of Linear Regression Analysis Model 
in Stock Investment. Mathematical Computation, 2(2): 36-39. 
[9]. Liu L X, Shu H, Wei K C J. (2017). The impacts of political uncertainty 
on asset prices: Evidence from the Bo scandal in China. Journal of Financial 
Economics, 125(2): 286-310. 
[10]. Luong T A, Shi C M, Wang Z. (2019). The impact of media on trade: 
Evidence from the 2008 China milk contamination scandal. Available at 
SSRN 3164244. 
[11]. Preis T, Moat H S, Stanley H E. (2013). Quantifying trading behavior 
in financial markets using Google Trends. Scientific Reports, 3(1684): 1-6. 
[12]. Vosen S, Schmidt T. (2011). Forecasting private consumption: Survey‐
based indicators vs. Google trends. Journal of Forecasting, 30(6): 565-578. 
[13]. Wu L, Brynjolfsson E. (2015). The future of prediction: How Google 
searches foreshadow housing prices and sales//Economic analysis of the 
digital economy. University of Chicago Press, 89-118. 
[14]. Xu S Y. (2014). Stock price forecasting using information from Yahoo 
Finance and Google trend. UC Berkeley. 
[15]. Liu Y, Lv B, Peng G (2011). Predictive power of Internet search data 
for stock market: A theoretical analysis and empirical test. Economic 
Management, 33(1):172-180. 
